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The state of power of lithium-ion batteries, as the main product of choice for electric and hybrid electric 
vehicle energy storage systems, is one of the precise feedback control parameters for the battery 
management system. The proposed research establishes a method for the analysis of charging and 
discharging constitutive factors under the sampling time, realizes the online identification of parameters 
by building an adaptive forgetting factor recursive least-squares method based on the Thevenin model, 
and uses the online parameters to achieve an effective characterization of the power state under voltage 
and current limitations. The results demonstrate that the accuracy error of online parameter identification 
is less than 0.03 V. Combining the analysis of charging and discharging constitutive factors under-
sampling time with the fusion model of voltage and current limitation makes the power state estimation 
more reliable and accurate. The results demonstrate that the power state estimation error in the 
discharging state is less than 8%. 
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With the continued development of the new energy vehicle industry, traditional batteries are 
difficult to adapt to the industry's development[1-3]. Lithium-ion batteries have become a popular choice 
for Electric Vehicles (EVs) and Hybrid Electric Vehicles (HEVs) due to their high energy density, high 
output power, and low pollution [4, 5]. However, lithium-ion batteries, due to their own defects, 
improper use can easily lead to safety hazards [6, 7]. Therefore, the state index of lithium-ion is a 
mandatory reference quantity and an important limiting quantity, and the ability to accurately predict the 
state index will directly affect the reliable use of the vehicle [8, 9]. 
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The state of power (SOP) of a lithium-ion battery, an important indicator characterizing the 
energy output of a vehicle, is defined as the maximum output power that the battery can deliver for a 
given duration [10, 11]. This indicator is usually strongly coupled with the voltage, current, and 
resistance of the battery [12, 13]. Therefore, the effective estimation of SOP is inseparable from the 
effective tracking of the above parameters. It is not difficult to find that the maximum power output of 
a new energy vehicle is reflected by the SOP, which provides owners with reliable power information 
to optimize the energy output of the vehicle. 
Combining the previous work, it is necessary to establish a battery model that can be quickly 
constructed to analyze the resistance and capacitance characteristics of the battery[14-16]. Currently, 
there are three main types of battery models used to describe the new energy characteristics of batteries: 
electrochemical models (EM), equivalent circuit models (ECM), and electrochemical impedance models 
(EIM) [17-19]. Yang, X.considered the solid-phase lithium-ion diffusion equation based on the electrode 
averaging model of the battery and used a finite difference method for a simplified representation of 
EM[20]. Zhang, X. analyzed the characteristics of batteries by introducing electrochemical performance 
to characterize the ECM, and build an improved pseudo-two-dimensional model to describe it[21]. In 
addition, Chen, N. used electrochemical impedance spectroscopy to analyze their time-domain circuit 
model in the effect of constant phase elements to construct an equivalent circuit model based on 
electrochemical impedance[22]. The above work not only relies on a large amount of data but also has 
a high computational complexity [23, 24]. Obviously, online parameter identification is difficult to 
analyze its higher-order state characterization due to its complexity and accuracy[25, 26]. The ECM 
model has the characteristics of simplicity, ease of calculation, and ability to reliably characterize its 
resistance and capacitance characteristics, which can satisfy the state parameter analysis of the battery. 
Based on the previous work, SOP calculations are often determined by the coupling relationship 
between voltage, circuit, and other resistive and capacitive characteristics parameters[27]. A joint 
estimation scheme for the state of charge (SOC) and SOP lithium-ion batteries for electric vehicles based 
on the fractional-order model is proposed [28]. Cheng, Z. proposed an intelligent algorithm based on 
SOC, battery voltage, and voltage combination constraint[29]. Yang, L. established a battery model with 
multi-parameter dynamic open-circuit voltage and a battery long-term power demand (LTPD) prediction 
model to achieve long-term prediction[30]. Dual polarization (DP) ternary lithium-ion battery model to 
estimate SOC and SOP joint at a plurality of constraints, and the Extended Kalman Filter (EKF) 
algorithm to improve the accuracy of state. However, none of the above algorithms consider the power 
output representation at long sampling periods, which is not conducive to the effective characterization 
of the vehicle at long power output representation. 
It is worth mentioning that in the study of literature [31], a linear recursive under fusion model 
is proposed to analyze the SOP output. The main focus of this method is to realize the analysis of the 
error effects of parameters on SOP under different algorithms by establishing a full-parameter estimation 
system, and on this basis, to realize the state evaluation under constant power preset observation. From 
the conclusion, it is easy to conclude that the coupling relationship of the model parameters has a large 
impact on the battery SOP estimation, but there is a large error in the peak power estimation for a long 
time. Therefore, analyzing the model state under unknown sampling time and using it as a basis to 
determine the power output of the battery at different durations becomes the main idea of this study. 
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Combined with the above work, the implementation of this algorithm should be both complex 
and feasible. In this study, a method for analysis of charging and discharging constitutive factors under-
sampling time is established, online identification of parameters is realized by establishing an adaptive 
forgetting factor recursive least-squares (AFFRLS) method based on Thevenin model, and effective 
characterization of SOP under voltage and current limitations is achieved using online parameters. 
Firstly, the adaptive online parameter identification is constructed by analyzing the battery model. 
Secondly, the power occupation ratio is judged by analyzing the charging and discharging components 
of the battery under the sampling time and setting the coupling reference quantity. Finally, a fusion 




2. MATHEMATICAL ANALYSIS 
2.1. Lithium-ion battery modeling  
An important way to describe the parameters of a lithium-ion battery is achieved through model 
building. Considering the computational time consumption and memory footprint of the algorithm in 
relation to the complexity of the model, the Thevenin model was chosen to describe the operating 














Figure 1. The Thevenin model 
 
Among them, the ECM shown in the figure is divided into four main parts: (i) the battery terminal 
voltage Uoc (SOC) is the fitted curve obtained by the HPPC experiment; (ii) ohmic resistance R0 
represents the ohmic effect of the battery; (iii) polarization resistance Rp and polarization capacitance 
Cp represent the polarization effect of the resistor; (iv) OCV VL represents the load voltage under battery 
load conditions. In addition, Vp represents the voltage under the polarization effect; Vt represents the 
ohmic effect and polarization effect voltage; IL is the discharge current of the lithium battery. 
Thus, the model of this circuit can be represented as 
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Ts is the unit sampling time and Qc is the rated capacity of the battery. Generally, the 
characterization of the lithium-ion battery model is based on the OCV-SOC curve. Obviously, lithium-
ion batteries exhibit different OCVs at different temperatures. The relationship of SOC-OCV for lithium-




Figure 2.  The relationship of SOC-OCV for lithium-ion batteries at different temperatures 
 
Obviously, lithium-ion batteries exhibit different OCVs at different temperatures. It can be seen 
from the figure that within a certain temperature range, the OCV value also increases as the ambient 
temperature increases. The accurate OCV-SOC curve is an indispensable part of the accurate parameter 
identification process. 
 
2.2. Online parameter identification based on AFFRLS 
The parameter characteristics of lithium-ion batteries acquired in practice are fluctuating and 
changing. The least-squares (LS) method allows correction and analysis of fluctuating data in the time 
domain for online parameter identification. Due to its accuracy, Adaptive Recursive Forgotten Factor 
Least Squares (AFFRLS) is introduced to continuously correct the factor according to the error variance 
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to obtain the best effect change curve. The flow chart of the AFFRLS algorithm for lithium-ion batteries 
is shown in Fig. 3. 
Among them, X(t) represents the working condition of the battery; Y(t) represents the parameter 
under online recognition; e(t) represents the error; the part indicated by the dotted line represents the 
initial value introduction. Import the experimental working condition data, and obtain the online 

































Figure 3. The flow chart of the AFFRLS algorithm for lithium-ion batteries 
 
Of course, accurate analysis of the operating characteristics of lithium-ion batteries is inseparable 
from the model's equation of state analysis. In combination with equations (1) and (2), Eq. 3 is discretized 
to reflect the characteristics of the battery. 
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Thus, the identification of ECM parameters of lithium-ion batteries is converted into expressions 
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 introduce time-domain signals into frequency domain signals for 
analysis, then Eq. 4 can be characterized by Eq. 5. 
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By tracking and analyzing the internal voltage and working current of the battery in real-time, it 
is easy to analyze the changes of battery characteristic parameters every moment. Rewrite Eq. 6 into Eq. 









































 (7)  
The LS method uses the square norm of the discrete function as a metric to obtain the 
identification parameters. For the representation of continuous and repeated working condition 
parameters, it can be expressed by Eq. 8. 
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The data of experimental working conditions often have the influence of noise, which makes the 
data fluctuate. In consideration of the influence of noise, a matrix e  is introduced to characterize this 
interference. To simplify the expression, rewrite Eq. 8 into Eq. 9.  
T
k k k kE = +e   (9)  
Wherein,  k  is the observation vector, ( )k  is the parameter vector to be estimated. 
According to the relationship between the system input and the system output, the n-dimensional 
representation of the matrix can be obtained after changing and processing the coefficients of the matrix, 
as described above. 
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Int. J. Electrochem. Sci., 16 (2021) Article ID: 210920 
  
7 
The LS method is to optimize data under fluctuating conditions. Therefore, the parameter 
correction at each moment should be based on the reliable last-minute correction value and the changing 
conditions. Combining Eq. 9 and Eq. 10, the modified parameter correction relationship can be obtained, 
as shown in Eq. 11. 
 -1k k k= ( )T Tk kE     (11)  
With the increase of iteration times of algorithm data, the classical LS method makes the gain K  
and matrix variance P  becomes smaller and smaller, which weakens the optimization effect of 
subsequent calculation. Recursive Least Square Algorithm with Forgetting Factor (FFRLS) increases 
the forgetting factor   to weaken the influence of the previous iteration and improve the online 
estimation ability of the algorithm. Among them, the forgetting factor is often set at 0.96 to 1 according 
to a large number of experiments. The prediction update estimation process of the FFRLS algorithm is 
shown in Eq. 12. 
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Correspondingly, for the analysis of a large number of continuously changing data, the fixed and 
unchanging impression factor cannot be changed accordingly, which also brings parameter identification 
errors to a certain extent. When the correction ability of the forgetting factor reaches the limit, the system 
identification will also accumulate errors. 
The AFFRLS algorithm obtains an algorithm tracking effect more in line with the actual changes 
of the working conditions through the continuous modification of the forgetting factor. An equation to 
calculate the variable forgetting factor to achieve the aforementioned goal is expressed by Eq. 13. 
min min
2
















 (13)  
Among them, min

 is the minimum value of the forgetting factor. A large amount of experimental 
data combined with ECM proves that the AFFRLS algorithm is accurately and quickly corrected when 
the forgetting factor is set in the range of 0.98 to 1, min

 is 0.98. limit indicates that the reference object 
is restricted so that its maximum value does not exceed 1.
g
is the sensitivity coefficient. 
g
can be chosen 
to be any value between 0 and 1, indicating the sensitivity of the forgetting factor to errors. When 
g
approaches 1, the forgetting factor slowly changes from 1 to 0.98, resulting in a slow response parameter 
recognition speed. Conversely established. k
e
is the error at time k, and base
e
is the allowed error 
reference; base
e
is usually based on expected errors. When the identification parameter error is less than
basee , the identification parameter is considered stable, and λ changes to a larger value. Conversely 
established. The function ( )round n represents the integer closest to n. Thereby, changing genetic factors 
can be captured. 
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2.3. State of Power estimation under fusion algorithm 
The estimation of SOP is inseparable from the analysis of voltages and currents. There are two 
common algorithmic reference schemes. (i) SOP estimation based on voltage limitation; (ii) SOP 
estimation based on current limitation. It is difficult to estimate the battery effectively with a single cell 
limit. Considering the operating characteristics of the battery, a fusion estimation model under voltage 
and current limits is proposed to estimate SOP. 
This study innovatively proposes a charge/discharge component analysis method under 
consideration of sampling time, and the implementation principle is shown in Fig. 4. Separate prediction 
of time is achieved by analyzing the causes of voltage and current limitations (the specific calculation is 






















Figure 4. Analysis of charge and discharge components under-sampling time 
 
 
Among them, *T  is the time under current limitation; T  is the sampling time. From the 
aforementioned work, the fusion algorithm is based on a mixed analysis of two situations. It is 
indispensable to introduce the SOP algorithm based on voltage limitation and current limitation.  
SOP estimation based on voltage limit conditions is assumed that the terminal voltage of the 
battery v  is in the range from minv  to maxv . Then Eq. 1 can be rewritten as a state-space representation, 
as shown in Eq. 14. 
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Where T represents the sampling time width; KT is the change in unit time at the sampling time. 
Therefore, for each time sampling k, assuming that the terminal voltage is equal to the predefined limit, 
the maximum/minimum discharge/charge current of the upcoming time is calculated by Eq. 15. 
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Among them, disI  is the characterization of the battery discharge current under the voltage limit; 
chaI  is the battery characterization of the charge current under the voltage limit. Obviously, the SOP 
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Among them, vdisSOP  represents the battery discharge SOP under the voltage limit discharge; 
v
chaSOP represents the battery discharge SOP under the voltage limit charge. In summary, it is possible to 
achieve a reliable prediction of SO under-voltage limitations. 
SOP estimation based on current limit conditions is assumed that the terminal voltage of the 
battery i  is in the range from mini  to maxi . Based on the previous work, the voltage is used as the unknown 
reference value, and the calculation and analysis are carried out in combination with Eq. 1. 
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Among them, lim
i
  is related to the load current of the battery model. Obviously, the SOP 
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In fact, these two cases reflect the battery's operating characteristics more unilaterally. Therefore, 
consider combining the two conditions and use fusion to analyze the battery characteristics. For each 
sampling segment selected for analysis, the time when the battery charge/discharge status changes from 
constant current to constant voltage should be determined first. For this reason, it is assumed that the 
current is equal to its maximum/minimum discharge/charge. In this case, the terminal voltage is equal to 
the predetermined minv  (or maxv ) limit discharge (or charge). Since the input current is assumed to be 
constant, the terminal voltage can be written as Eq. 19. 
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Where *TK  represents the time sample of constant current charge/discharge. Therefore, Eq. 20 
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 (20)  
Therefore, the analysis of different constant current and constant voltage batteries can be 
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 (21)  
Based on the in-time samples, calculate the upcoming sequence of available power values, and 
use the equation to time-sample within the prediction range. Based on the analysis of the foregoing work, 
the minimum amplitude of the charging and discharging conditions of each sampling segment is 
expressed by Eq. 22. 
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 (22)  
Considering the battery situation at each sampling stage under long-term fluctuating operating 
conditions, by analyzing the battery SOP at every other sampling point, it is obvious that the battery's 




3. EXPERIMENTAL ANALYSIS 
3.1 Test platform construction and data acquisition 
The accurate prognosis of lithium-ion batteries is achieved through a reliable experimental 
testing and analysis process. Secondly, the ambient temperature has a strong influence on the state of the 
battery. Therefore, this study is mainly based on the analysis under constant temperature conditions. The 
instruments used in this test are a high-power charge/discharge tester for power batteries (ct-4016-
5V100a-tfa), a three-layer independent temperature-controlled test chamber, and other supporting 
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experimental equipment (bt-331c). The experimental data testing process of the research object (lithium-




Figure 5.   The test procedure for observation objects 
 
 
As can be seen from the figure, the above study was conducted on a ternary lithium-ion battery 
(capacity 72.2Ah). The purpose of this study is to realize the reliable application of the battery in the 
environment, and the dynamic test analysis application is indispensable. Beijing Bus Dynamic Stress 
Test (BBDST) working conditions and Dynamic Stress Test (DST) working conditions are selected to 
verify the accuracy of online identification and the tracking effect of the fusion model algorithm. BBDST 
describes the power of the new energy bus under different driving operations The BBDST describes the 
power output characteristics of the new energy bus under different driving operations, and the DST 
describes the continuous peak discharge characteristics of the new energy bus at a constant time. Among 
them, the BBDST operating characteristic diagram and the DST operating characteristic diagram are 
represented in Fig. 6. 
 
 




(a) BBDST working condition voltage global 
curve 
(b) BBDST working condition current global 
curve 
 
(c) DST working condition voltage global curve (d) DST working condition current global curve 
 
Figure 6. Voltage and current curves of dynamic stress test conditions 
 
 
As can be seen from the graph, the voltage and current variation under DST condition is huge 
compared to BBDST. It is worth mentioning that when the lithium-ion battery is tested under constant 
power condition, the battery cannot maintain a stable power output as the voltage decreases under the 
duration discharge point, which will lead to large fluctuations in the working current of the battery under 
different durations. Therefore, the study mainly analyzes the battery state of the former 70% SOC for 
research and analysis of its battery operating state. 
 
3.2 Working condition demonstration effect 
The operating characteristics of electric and hybrid vehicles vary considerably under driving 
conditions. Performance analysis of long-term lithium-ion batteries usually relies on online identification 
to characterize their operating characteristics. It is particularly important to obtain accurate dynamic 
parameter variation curves for lithium-ion batteries. 
As can be seen in Fig. 3, the analysis using the RLS algorithm is predicated on obtaining the 
difference between the true voltage and the fitted voltage of the battery operating state. Therefore, in this 
paper, the SOC-OCV curve of the battery is obtained by analyzing the pulse discharge characteristics 
under constant temperature conditions, as shown in Eq. 23. 
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Among them, SOCk represents the battery SOC value at the current moment k; OCVk represents 
the fitted voltage of the battery at the current moment k. The algorithm based on AFFRLS abandons the 
tedious calculation of traditional offline parameter identification and can realize fast-tracking of dynamic 
model changes. Effective analysis of vehicle dynamic test conditions can facilitate the rapid correction 
of the algorithm, thereby improving the accuracy of the algorithm. The online parameter changes of 




(a) Online parameter identification curve based 
on BBDST 
(b) Online parameter identification curve based on 
DST 
 
Figure 7.  Online parameter identification curve analysis 
 
 
It can be seen from the figure that the ohmic resistance of the battery tends to be stable at about 
0.001Ω; the polarization resistance of the battery is more dynamically disturbed and fluctuates; the 
polarization capacitance of the battery fluctuates greatly, which is in a reasonable range. 
All excellent system identification structures are inseparable from the accurate description of the 
data. According to the work described above, the simulation description of the lithium-ion battery under 
different working conditions is analyzed. The online simulation error representation of the lithium-ion 
battery under the time domain working conditions can be respectively represented in Fig. 8. 
It is undeniable that figures (a) and (b) are based on the online simulation demonstration effect 
of BBDST and DST conditions, respectively. It can be seen from Fig. 8 that the online simulation error 
remains within 0.03V for a long time. Online parameter identification can realize high-precision 
estimation and provide high-precision input variables for SOP estimation. 
The state of the energy consumption effect of the battery in the charging or discharging state is 
different. SOP estimation under different conditions is essential. It is not advisable to analyze the 
charging power expression for the battery working condition that is discharged for a long time. 












































































(a) Voltage comparison curve and voltage error 
curve of BBDST working condition 
(b) Voltage comparison curve and voltage error 
curve of DST working condition 
 
 
Figure 8.  Voltage comparison curve and error curve of online parameter identification based on 
AFFRLS 
 
According to the BBDST experimental conditions and DST experimental conditions, the SOP 
characteristics of the lithium-ion battery in the charge and discharge state are analyzed, as shown in Fig. 
9 (a) and (c). Combined with the above work, the demonstration effects of different constraint estimation 





(a) SOP curve with different limits based on 
BBDST 





























































































































(a) SOP curve with different limits based on 
DST 
(b) SOP error curve based on different limits of 
DST 
 
Figure 9. SOP estimation curve and its error curve based on different limits of dynamic stress conditions 
 
Among them, Udis means SOP estimation based on voltage limit; Idis means SOP estimation 
based on the current limit; UI means SOP estimation considering time scale fusion model limitation; dis 
means reference quantity obtained by traditional HPPC method (the peak discharge duration of the 
HPPC test is 10s). Obviously, the estimated value and the actual value of the SOP based on the voltage 
limit tend to be approximately parallel; the estimated value and the actual value of the SOP based on the 
current limit tend to cross, and the fusion model based on the voltage and current limit can integrate the 
advantages of the two methods and effectively fit the actual changes. The SOP relative error curves of 




(a) SOP relative error curve of fusion model 
based on BBDST working condition 
(b) SOP relative error curve of fusion model based 
on DST working condition 
 
Figure 10. SOP relative error curves of fusion models based on different working conditions 
 
Where the data shown in Fig. 10 represent the relative error between the error of the SOP of the 
battery under the fusion model and the theoretical difference of the 10sHPPC pulse discharge. As can 
be seen from the figure, the error of the algorithm is less than 8% for both operating conditions, which 
enables a reliable prediction of the power.  























































































The basis for the above algorithm to enable SOP prediction is the ability to build an adaptive 
parameter identification system based on dynamic parameter changes. Therefore, it is feasible to analyze 
the power state of the battery by considering the impact of different parameter identification methods on 
the battery description, using the voltage and SOC of the established battery to simulate the limits of the 
battery. The description of the condition by presetting the sampling time is not conducive to analyze its 
power variation at each sampling time length for a condition that varies singularly throughout the cycle. 
The analysis of the constituent components for different batteries whose discharging conditions 
are useful for quantitative description for complex conditions. This study is an extension of it and 
facilitates the description of the battery power output characteristics at long time. The method has higher 
adaptability and robustness, and higher accuracy for long time estimation [32]. It also has a lower 





Lithium-ion battery state of power is a reliable factor to characterize the battery state. In this 
study, the analysis of charge and discharge constitutive factors under-sampling time is established, and 
the online identification of parameters is realized by establishing an adaptive forgetting factor recursive 
least-squares method based on the Thevenin model, and the effective description of the SOP under 
voltage and current limitations is achieved by using the online parameters. Firstly, by analyzing the 
battery model to construct the adaptive online parameter identification, a reliable estimation of the 
battery is achieved with a voltage error lower than 0.03V. Secondly, by analyzing the charge and 
discharge components of the battery under the sampling time and setting the coupling reference quantity 
to judge the power occupancy, an effective analysis of the SOP is completed. Finally, a fusion model 
based on voltage and current limits is constructed to achieve an effective tracking of the SOP, in which 
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